In this study, we examine how idiosyncratic risk is correlated with a wide array of anomalies,including asset growth, book-to-market, investment-to-assets, momentum, net stock issues, size, and total accruals, in international equity markets. We use zero-cost trading strategy and multifactor models to show that these anomalies produce significant abnormal returns. The abnormal returns vary dramatically among different countries and between developed and emerging countries. We provide strong evidence to support the limits of arbitrage theory across countries by documenting a positive correlation between idiosyncratic risk and abnormal return. It suggests that the existence of these well-known anomalies is due to idiosyncratic risk. In addition, we find that idiosyncratic risk has less impact on abnormal return in developed countries than emerging countries. Our results support the mispricing explanation of the existence of various anomalies across global markets. (JEL: G12, G15) Keywords: anomalies, idiosyncratic risk, international equity markets, limits of arbitrage * Corresponding author, Tel: 1-262-472-6943, Email: fanz@uww.edu. We received valuable comments and suggestions from three anonymous referees and editors Panayiotis C. Andreou and Panayiotis Theodossiou. All mistakes and errors remain to be our own responsibility.
I. Introduction
Equity anomalies are empirical relations of future stock return with firm characteristics and the relations cannot be explained by classical asset pricing models such as the CAPM (Sharpe (1964) , Lintner (1965) ) and some highly influential factor models (such as Fama and French (1993) , Carhart (1997), etc.) . In other words, stock returns are predictable by various firm characteristics. Understanding anomalies has become increasingly important in asset allocation, security analysis, and other applications. Anomalies have been extensively studied, especially in the US market. Recently, researchers have extended anomaly studies to international markets. However, systematical investigation of some well-known anomalies across countries has not been conducted as extensive as in the US. In this study, we examine a number of anomalies across 43 countries from 1989 to 2009. The list of anomalies includes asset growth (AG), book-to-market value (BM), investment-to-assets (IA), short-term prior returns (momentum)(MOM), net stock issues (NSI), size, and total accruals (TA). Since the scope of studies in anomalies has been massive, we focus on two main objectives to make our study manageable. First, we identify whether these anomalies exist internationally. Second, we investigate if the anomalies are correlated with idiosyncratic risk around the world.
To examine if the well-known anomalies exist internationally, we apply the common zero-cost portfolio approach to test if abnormal return can be realized for these anomalies. We divide all stocks in each country into quintiles based on the ranking of each anomaly variable in an ascending order (from the most overvalued to the most undervalued). We calculate both equal-and value-weighted monthly abnormal returns by longing the stocks in the fifth quintile and shorting the stocks in the first quintile every month. 1 Our results show that the zero-cost strategy produces significant monthly abnormal returns for BM, MOM, and size in most of the 43 countries. 2 Significant abnormal monthly returns from AG, IA, NSI, and TA exist in some of the countries. 3 When we group countries into developed and emerging countries, we find that developed countries exhibit higher abnormal returns for AG, MOM, and NSI, while emerging countries have higher returns for BM, IA, and size. Abnormal returns associated with TA do not show significant difference between developed and emerging countries.
To study if these abnormal returns can be explained by some well-known risk factors, we apply the Fama-French three-factor model plus the momentum factor French (1992, 1993) , Carhart (1997) ) and a newly developed alternative three-factor model to examine risk-adjusted returns (i.e. the a's). We acknowledge that a large number of studies exist on Fama-French style factor models in the literature (Pastor and Stambaugh (2003) , Hoberg and Welch (2009) , among others). Most of these studies offer convincing evidence that the proposed factor(s) has additional power to explain the variation in stock returns. In a recent study, Chen, Novy-Marx, and Zhang (2010) motivate an alternative three-factor model from q-theory and show that the new three-factor model is able to explain many return patterns in the US market that the Fama-French model is unable to explain. Because of its superior performance in explaining many anomalies, this alternative model has attracted a lot of attentions and has been applied in several published studies (Lipson, Mortal, and Schill (2012) , Walkshausl and Lobe (2011) , among others) since its introduction.
When applying factor models in a global context, a natural question is whether securities are priced locally or globally (Karolyi and Stulz, (2003) ). Griffin (2002) examines country-specific and global versions of the Fama-French model. The author finds that the domestic factor model explains much more time-series variation in returns and generally has lower pricing errors than the global version. In a recent study, Hou, Karolyi, and Kho (2011) also find that local and international versions 4 of their multifactor models have lower pricing errors than the global version, and it is particularly true for emerging markets. Based on the findings from these studies, we apply the domestic version for both the Fama-French and the alternative model in this paper.
Our results indicate that most of the significant abnormal returns from zero-cost strategies still exist after controlling for the risk factors. In other words, neither the Fama-French nor the alternative three-factor model can fully explain anomalies in international equity markets. We do not find the alternative model outperforms the Fama-French model in driving away anomalies in international markets. Our results are consistent with the study by Walkshausl and Lobe (2011) , who compare the performance of the alternative model with the Fama-French model in countries beyond US.
Many studies have provided various explanations of the existence of 4. The international version includes both domestic and foreign factors.
anomalies. The existence of anomalies is usually due to either market inefficiency (mispricing) or inadequacies in underlying asset-pricing models. In this study, we do not attempt to address the inadequacy of existing asset-pricing models or seek additional risk factors. We focus on the test of mispricing explanation by examining the impact of idiosyncratic risk on stock abnormal return. In the traditional mean variance analysis, only the market risk should be priced in equilibrium as predicted in the CAPM model. Any idiosyncratic risk is completely eliminated through diversification. However, CAPM holds only when investors are willing and able to hold a combination of the market portfolio and risk free asset. In practice, many investors are not able to hold such a portfolio due to various constraints, such as transaction costs, incomplete information, taxes, liquidity requirements, etc. It is also common that institutional investors often deliberately structure their portfolios to generate considerable idiosyncratic risk to obtain excess returns. As Malkiel and Xu (2006) point out, the relative supply of the stocks that constrained investors are unable to hold is high, so the price of those stocks must be relatively low. Therefore, an idiosyncratic risk premium can be rationalized for such "unbalanced supply". In addition, if the constrained investors are unable to hold all securities, the "available market portfolio" for unconstrained investors will automatically become less diversified because it is the total holdings from the two groups of investors that make up the whole market (Malkiel and Xu (2006) ). The risk premium of the "available market portfolio" tends to be higher than the actual market portfolio in the traditional CAPM model. Portions of the systematic risk would be considered as idiosyncratic risk relative to the actual market portfolio. Therefore, it would be priced in the market.
The idiosyncratic risk premium can also be rationalized under a multifactor model setting. The multifactor models of Merton (1973) and Ross (1976) show that risk-averse investors want to hedge against changes in volatility since volatility positively impact future expected market return. Chen (2002) develops a model under a heteroskedastic environment which allows for both time-varying covariance and stochastic market volatility. His study shows risk-averse investors also want to hedge against changes in future market volatility directly. The idiosyncratic risk may also arise if the market is segmented. For instance, Errunza and Losq (1985) conduct a theoretical and empirical investigation of the pricing implication due to market segmentation in international capital markets. They show the segmentation leads to "super" risk premiums due to the restriction on foreign ownership for some assets but not others. The segmentation could also link to the clientele effects in the investment decisions made by different groups of investors. Heston, Rouwenhorst, and Wessels (1995) indicate that large capitalization stocks are more integrated into the world market than small cap stocks. In practice, institutional investors often hold large, more diversified portfolios and more likely invest on large and growth stocks, while individual investors usually hold small cap and less diversified portfolios due to the limited investment capital. The difference in the holdings can persist in the long run, and the force of normal arbitrage is not sufficient to drive it away. Miffre, Brooks, and Li (2013) conduct an investigation to link the idiosyncratic risk with diversification more directly. Their results show the additional return for bearing the idiosyncratic risk is inversely related to the number of stocks in a portfolio (i.e. the level of diversification). Shleifer and Vishny (1997) and Pontiff (1996 Pontiff ( , 2006 argue that idiosyncratic risk represents a significant cost for risk-averse arbitrageurs. Due to the high cost (i.e. the limits of arbitrage); equity anomalies are not driven away by rational investors. If idiosyncratic risk does limit arbitrageurs from offsetting the choices of irrational investors, abnormal returns will be greater among high idiosyncratic risk stocks (Ali, Hwang, and Trombley (2003) , Mendenhall (2004) , Mashruwala, Rajgopal, and Shevlin (2006) , among others.). In other words, idiosyncratic risk should be positively correlated with abnormal return. We test this hypothesis across countries in this study.
There is considerable controversy over the empirical relation between idiosyncratic risk and expected return. Some studies (Bali et al. (2005) , Huang et al. (2010) , among others) suggest idiosyncratic risk is not priced. In other studies, both negative (Ang, et al. (2006 ), Guo and Savickas (2010 ) and positive relations (Goyal and Santa-Clara (2003) , Diavatopoulos, Doran, and Peterson (2008) , Malkiel and Xu (2006), Fu (2009) ) are documented. In a recent study, Fu (2009) demonstrates that the commonly used ordinary least square (OLS) method may not be appropriate to calculate idiosyncratic risk since idiosyncratic volatility does not follow a random walk. The author uses an exponential generalized autoregressive conditional heteroskedasticity (EGARCH) model to capture the time-variation of expected idiosyncratic risk. Using this approach, a strong positive relation between expected idiosyncratic volatility and returns is documented in the US market. We adopt the EGARCH model in this study.
Our results show that idiosyncratic risk exhibits a significant difference across countries. It varies from 0.074 (Luxembourg) to 0.312 (Portugal). The average idiosyncratic risk in developed countries is smaller than emerging countries (0.130 vs. 0.142). To examine the relationship between idiosyncratic risk and abnormal returns, we form 5x5 portfolios based on interactions of quintiles of conditional idiosyncratic risk and quintiles of individual anomaly in each country. We calculate abnormal returns at each idiosyncratic risk quintile by shorting stocks in the first anomaly quintile and longing stocks in the fifth anomaly quintile. We find that abnormal returns for high-idiosyncratic-risk stocks are always higher than lowidiosyncratic-risk stocks in every anomaly. It suggests that idiosyncratic risk is positively correlated with abnormal return. We also find that abnormal returns become insignificant in low-idiosyncratic-risk stocks for most of the anomalies. These findings are present in both developed and emerging countries. We also observe that for the same level of idiosyncratic risk, developed countries usually have a lower abnormal return than emerging countries for all anomalies studied in this paper.
The results demonstrate that idiosyncratic risk is an important factor that limits arbitrage opportunities in international equity markets.
To make sure that the positive correlation is not due to choice of testing methods and other country level characteristics, we further conduct regression analysis. Monthly risk adjusted abnormal return of the zero-cost portfolio (i.e. a's from the Fama-French model) is used as the dependent variable. Idiosyncratic risk of a zero-cost portfolio is the main independent variable. We define idiosyncratic risk of a zero-cost portfolio as the value-weighted average idiosyncratic risk of stocks with long position minus the value-weighted average idiosyncratic risk of stocks with short position. We control for country level variables that measure economic and financial development, economic growth, economic and financial integration, financial disclosure environment, and corporate governance. We conduct panel regression analysis with standard errors clustered by country and year (Petersen (2009) ). Our results confirm that there is a strong positive correlation between abnormal returns and idiosyncratic risk at portfolio level even after controlling for these country-level characteristics.
Mispricing hypothesis suggests that better governance, stronger investor protection, higher accounting quality, and higher market efficiency would limit opportunities for mispricing (Barberis and Thaler, (2003) ). Therefore, we would expect that developed countries have lower abnormal returns than emerging countries in general. Furthermore, if idiosyncratic risk is indeed a significant factor producing anomalies, the same idiosyncratic risk would have less impact on abnormal return in developed countries. To test these hypotheses, a dummy variable is used to distinguish the abnormal return differences between developed and emerging countries. An interaction term of the dummy variable and idiosyncratic risk is used to differentiate the difference of idiosyncratic risk impact on abnormal returns between developed and emerging countries. Our results do not show strong support for the hypothesis that developed countries have lower abnormal returns. Although we document a negative coefficient for the dummy variable for most of the anomalies (expect for AG), only size is significant. However, our results show that the interaction term for most anomalies is negative and significant. It suggests that the same level of idiosyncratic risk has less impact on abnormal returns in developed countries. Overall, our results provide evidence to support the mispricing explanation.
This paper contributes to the growing literature that examines anomalies in several ways. First, we document a list of anomaly variables across countries in a systematic way for a long time period. Although these anomalies are well known for the US market, they are less explored in other countries. Second, we provide strong evidence that idiosyncratic risk contributes to the existence of these anomalies. Most current studies on this topic focus on the US market. We provide results that support the limits of arbitrage theory in countries outside the US and for more anomalies as well. Finally, we provide new evidence to support the mispricing explanation by showing that the impact of idiosyncratic risk on abnormal returns in developed countries is less than the impact in emerging countries.
The rest of this paper proceeds as follows: Section II describes data and explains how we construct each anomaly; Section III uses the zero-cost trading strategy to analyze abnormal returns; Section IV uses the factor models to study risk-adjusted abnormal returns; Section V investigates correlations between idiosyncratic risk and anomalies using both portfolio approaches and regression analysis; and Section VI concludes.
II. Data and Anomaly Variable Construction

A. Data
We collect stock monthly returns, stock prices, and number of shares outstanding from 1989 through 2009 for firms in 43 countries from Thomson Financial's DataStream. All variables are expressed in US dollar. We restrict our analysis to common-ordinary stocks trading in the companies' home markets. To identify common-ordinary stocks, we apply Griffin, Kelly, and Nardari (2010) multi-stage screening method to eliminate preferred stocks, warrants, units or investment trusts, duplicates, GDRs or cross-listings, and other non-common equity from the sample.
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Detailed description of the filtering process can be found in Griffin, Kelly, and Nardari (2010) . As pointed out by Ince and Porter (2006) and Karolyi, Lee, and Van Dirk (2012) , DataStream data have many errors. To eliminate the impact of these reporting errors, we follow the screening criteria suggested by Ince and Porter (2006) . These criteria have been used by many international studies using DataStream data (Karolyi et al., 2012 , Hou et al., 2011 . First, we only include active stocks in our analysis. Unlike CRSP data, DataStream repeats the last valid data point for the delisted firms. To exclude the dead stocks, we eliminate the observations with consecutive zero returns at the end of sample period. Second, we apply several screening procedures for monthly returns, as suggested by Ince and Porter (2006) and others. Any return above 300% that is reversed within one month is treated as missing. In order to exclude remaining return outliers, we treat the monthly returns as missing if they are below 0.1% and over 99.9% percentile in each country. Hou, et al. (2011) show that DataStream produces average monthly returns that are close to the results using CRSP/COMPUSTAT data after applying above screening criteria. DeMoor and Sercu (2005) Details of these variables can be found in appendix A.
B. Construction of anomaly variables
A wide range of firm-level accounting data is collected from WorldScope to form various anomalies. We study seven anomaly variables that have been accepted by academics. 6 Some anomalies, such as momentum and total accruals, have been found to be persistent after being discovered, while others, such as size, disappear. In this study, we do not intend to address if an anomaly is persistent. We simply test whether we can earn abnormal returns if we hold portfolios formed on the zero-cost trading strategy using these anomalies for the time period 1989-2009. In a recent study, Tang, Wu, and Zhang (2013) examine a long list of anomalies for the US equity market. We follow the same methods as in their study to construct seven anomalies. The construction details of each anomaly are as follows:
Asset Growth (AG). Firms with high asset growth earn lower average returns than firms with low asset growth (Cooper, Gulen, and Schill (2008) ). We measure asset growth as total assets (WorldScope 07230) at the fiscal year-end minus lagged total assets divided by lagged total assets.
Book-to-Market (BM). Many studies French (1993, 1994) , among others) show that high BM stocks earn higher average returns than low BM stocks. BM is book value of equity (WorldScope 07220) at the fiscal year-end divided by market value of equity (WorldScope 08001).
Investment-to-Assets (IA). High IA firms earn lower average returns than low IA firms (Lyandres, Sun, and Zhang (2008), Chen, et al. (2010) ). We measure IA as the annual change in gross property, plant, and equipment (WorldScope 02301) plus the annual change in inventory (WorldScope 18196) divided by lagged total assets.
Short-term prior returns (Momentum) (MOM). Stocks that perform well in recent months continue to earn higher average returns in future months than stocks that perform poorly (Jegadeesh and Titman (1993) , among others). Following Jegadeesh and Titman (1993) , we construct momentum portfolios using the "6/1/6" convention. At the beginning of 6. Please see Schwert (2006) for a summary of well-known anomalies. Richardson, Tuna, and Wysocki (2010) also have a comprehensive survey on accounting anomalies and fundamental analysis. each month t, we compute MOM as the past 6-month cumulative returns from month t-2 to t-7, skipping month t-1.
Net Stock Issues (NSI). Firms that issue new equity underperform firms with similar characteristics (Fama and French (2008) ). NSI measures the annual change in the logarithm of the number of shares outstanding (Fama and French (2008) ). NSI is calculated as the natural log of the ratio of the number of shares outstanding at the fiscal year-end divided by the number of shares outstanding at previous fiscal year-end. NSI can be positive or negative.
Size. Small firms earn higher average returns than big firms (Banz (1981 ), Fama French (1992 , Griffin (2002) ). Size is measured as total market capitalization (WorldScope 07210).
Total Accruals (TA). High TA firms earn lower average returns than low TA firms (Sloan (1996) , Pincus, Rajgopal, and Venkatachalam (2007) ). Following Pincus, Rajgopal, and Venkatachalam (2007) , we measure TA as net income (WorldScope 01651) minus operating cash flows (WorldScope 04860) scaled by lagged total assets.
C. Zero-cost Portfolios and Abnormal Returns
We use zero-cost strategy to construct portfolios based on computed anomaly variables. For anomaly AG, BM, IA, NSI, size, and TA, in June of each year t, we rank all stocks in each country in an ascending order (from the most overvalued to the most undervalued). 7 We then divide stocks into quintiles based on the ranking in calendar year t-1 for each anomaly. We take long position for stocks in the fifth quintile (the most undervalued, such as small firms) and short position for stocks in the first quintile (the most overvalued, such as large firms). Monthly equal-weighted portfolio returns are calculated from July of year t to June of year t+1, and the portfolios are re-balanced in June of t+1.
For anomaly MOM, we follow a conventional construction method; all stocks in each country are ranked in ascending order based on MOM variable at the beginning of each month. Stocks are grouped into quintiles based on the ranking. Stocks in the first quintile are assigned to the loser portfolio and those in the fifth quintile are assigned to the winner portfolio. The equal-weighted portfolios are held for 6 months. An overlapping portfolio is constructed to increase testing power (Jegadeesh and Titman (1993) ). A zero-cost portfolio is constructed as Note: This table presents mean values of monthly abnormal returns and corresponding t values from the zero-cost strategy for all anomaly variables in this study. In June of each year t, we sort all stocks in an ascending order (from the most overvalued to the most undervalued) into five quintiles based on rankings of asset growth (AG), book-to-market (BM), investment-to-assets (IA), net stock issues (NSI), market equity (Size), and total accruals (TA) in calendar year t-1. Equal-weighted portfolio returns are calculated from July of year t to June of year t+1. Following Jegadeesh and Titman (1993), we use the "6/1/6" method to construct MOM portfolios."H-L" denotes monthly returns of the zero-investment strategy (the high-minus-low portfolios, i.e., undervalued-minus-overvalued portfolios). The sample period is 1989-2009. winner-minus-loser portfolio. Table 1 reports average monthly returns of the zero-cost portfolios and corresponding t values for the entire time period of this study. We report average monthly returns for each individual country and the pooled average for developed and emerging countries. As shown in table 1, our results are consistent with existing evidence in the literature. For instance, firms with a lower AG, higher BM, lower IA, lower NSI, higher MOM, smaller size, and lower TA, earn higher returns. In addition, significant abnormal returns associated with BM, MOM, and size are present in more countries compared to abnormal returns associated with other anomalies.
The magnitude of monthly abnormal returns varies dramatically across countries. Ab-normal returns vary from 0.30% (Japan) to 1.52% (South Africa) for AG, 0.53% (Spain) to 3.38% (Hungary) for BM, 0.13% (US) to 1.22% (India) for IA, 0.47% (Canada) to 1.52% (Poland) for MOM, 0.31% (Japan) to 2.69% (US) for NSI, 0.55% (Finland) to 3.10% (Hun-gary) for Size, and 0.58% (Denmark) to 2.16% (US) for TA. We also report average abnormal returns for developed and emerging countries. We find that developed countries have higher abnormal returns for AG, MOM, and NSI, while emerging countries have higher abnormal returns for BM, IA, and Size. Abnormal returns for TA do not show much difference between developed and emerging countries.
III. Risk-adjusted Returns of Zero-cost Portfolios
To test if these anomalies can be explained by risk factors, we estimate risk-adjusted returns using two factor models: (1) Fama-French four-factor model 8 , and (2) a new alter-native three-factor model (Chen, et al., 2010) . We investigate the a of each factor model for every anomaly. If the abnormal returns of zero-cost portfolios can be explained by risk factors, we should observe insignificant α's. French (1992, 1993) propose a three-factor model to improve CAPM pricing errors by adding size and book-to-market risk factors.
A. The Fama-French factor model
8. The Fama-French four-factor model refers to the Fama-French three-factor model plus the momentum factor. Carhart (1997) demonstrates that a momentum factor (Jegadeesh and Titman (1993) ) should also be included in the model. The four-factor model is given by
where R it is stock return in US dollar in excess of the one-month US Treasury bill rate in month t. We construct the size (SMB) and book-to-market (HML) factor in the same way as French (1992, 1993) . We first construct 2x3 size/book-to-market benchmark portfolios. The size breakpoint is the median market equity in each country. The book-to-market breakpoints are the 30th and 70th percentiles of HML in each country. SMB is the average return of the small-capitalization portfolios minus the average return of the large-capitalization portfolios; HM L is the difference in average returns between the portfolios with high book-to-market stocks and the portfolios with low book-to-market stocks. We construct monthly risk factors for each country, separately. Domestic market monthly return RM is computed using value-weighted average returns in US dollar of all stocks in each country. To compute monthly momentum factor, six portfolios are formed on the intersections of two portfolios formed on size and three portfolios formed on prior six month (escaping the most recent month) cumulative returns. We use the median market capitalization at month t-1 in each country as breakpoint for the size portfolios. We use the 30th and 70th percentiles of prior cumulative returns as breakpoints for the prior return portfolios. We classify the bottom 30% as losers portfolio, the middle 40% as medium, and the top 30% as winners portfolio. MOM factor for month t is computed as follows: 2
SmallWinners Big Winners Small Losers Big Losers
We report monthly averages and t values of the SMB, HML, and MOM for each country in table 2.
B. The alternative three-factor model
Recently, evidence has shown that even the highly influential . MKT is the excess market return in domestic market; SMB is the difference in returns between the small and big portfolios; HML is the difference in returns between the high and low book-to-market portfolios; MOM is the difference in returns between last year's winners and losers portfolios. INV (investment) is the change in gross property, plant, and equipment plus change in inventories divided by lagged total assets. In each June, we break all common stocks in a market into three INA groups using the breakpoints for the low 30%, medium 40%, and high 30% of the ranked INV. We also use median firm size to split all stocks into two groups. Taking intersections, we form six size-INV portfolios. We calculate monthly value-weighted returns for the six portfolios from July of year t to June of year t+1, and sort the portfolios again in June of year t+1. INV factor is the difference between the average returns on the two low-INV portfolios and the average returns on the two high INV portfolios. ROA factor is constructed in the same way as INV factor. ROA is the return on assets.
Fama-French model cannot explain many cross-sectional return patterns. 9 Chen, et al. (2010) develop a three-factor model based on the q-theory. They show that their alternative model can explain a much wider range of the documented anomalies that cannot be explained by the Fama-French model in the US equity market. Because of its superior performance in the US market, we apply this model as a robustness check. The alternative three-factor model is given by
where R it is the excess return computed in US dollar. r INV is the low-minus-high INA (investment) factor and r ROA is the high-minus-low ROA factor. We construct the investment factor, r INV , from two-by-three portfolios sorted on size and IA in a similar way as in French (1992, 1993) . In June of each year t, we break all stocks in a country into three IA groups (breakpoints are low 30%, medium 40%, and high 30%). The median market equity is used to split all stocks into two groups. Monthly value-weighted returns on the six portfolios are computed from July of year t to June of t + 1. Portfolios are re-balanced in June of year t + 1. The INA factor is the difference between the average return of the two low-IA portfolios and the average return of the two high-IA portfolios in each month. The ROA factor, r ROA , is formed in the same way as r INV except that we use ROA variable instead of IA variable. ROA factor is the monthly difference between the average return on the two high-ROA portfolios and the average return on the two low-ROA portfolios. Table 2 reports monthly averages and t values of the IA and ROA factors for each country. Chan, et al., (1996) , French (1996, 2008) , Griffin and Lemmon (2002) , Daniel and Titman (2006) , Cooper, et al., (2008) , among others. Note: This table reports risk-adjusted returns of various anomalies in developed and emerging countries using Fama-French four-factor model and the alternative three-factor model. In June of each year t, we sort all stocks in an ascending order (from the most overvalued to the most undervalued) into five quintiles based on rankings of each anomaly. We report risk-adjusted return (α) of quintile 1 (Low), 3, 5 (High), and the risk-adjusted abnormal return (H-L) and corresponding t values (in parentheses). The t-statistics are adjusted for heteroskedasticity.
Examples include
TABLE 3. Risk-adjusted Returns (α's) of Various Anomalies in Developed and Emerging Countries
C. Results
Our results show abnormal returns obtained from the zero-cost strategy are not explained by Fama-French risk factors. In most countries including the US, abnormal returns remain present after adjusting for Fama-French factors. The alternative three-factor model is re-ported to be able to explain some anomalies in the US equity market. In our study, it can explain some return patterns associated with AG, BM, NSI, and TA, but not MOM, IA, and size. However, the additional explanatory power is not observed in countries outside the US.
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In addition to examining each individual country, we also conduct risk-adjusted abnormal return analysis for developed and emerging countries. Results are summarized in table 3. We report α's for portfolios in the first quintile (Low), the medium quintile (3), and the fifth quintile (High) for each anomaly for both developed and emerging countries. We also report α's from the zero-cost portfolios (H-L). As shown in table 3, almost all abnormal returns (H-L) associated with each anomaly is significant for both developed and emerging countries. Developed countries have higher risk-adjusted abnormal returns for AG, MOM, and NSI; emerging countries have higher abnormal returns for BM and TA; and developed and emerging countries have similar abnormal returns for Size and IA.
Comparing results from the Fama-French and the alternative model, we observe that although these two models have different α's and t-values for the quintile portfolios (i.e. Low, 3, and High), both models produce similar risk-adjusted abnormal returns (H-L) and significance levels (t-values). The comparisons suggest that the Fama-French and the alternative factor model have similar explanatory power for cross-sectional return patterns in international equity markets.
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Our risk-adjusted analyses indicate that holding zero-cost portfolios formed on these anomalies could produce significant abnormal returns 10. The results are available upon request. We do not report them in the paper due to the space limitation.
11. We perform further analyses to make sure our results are not sensitive to portfolio construction methods. We conduct the same analyses using deciles instead of quintiles to group firms and the results are consistent. We also construct 25 size and momentum portfolios (Jegadeesh and Titman, 1993) and run factor regressions using both Fama-French and the alternative model. After controlling for potential size effect, abnormal returns still exist for each size group (except for the small firms in emerging countries) in both models. Due to the space limitation, we do not report results of these analyses. They are available upon request. and these abnormal returns cannot be driven away by either the well-established Fama-French risk factors or the new alternative risk factors. The risk-adjusted abnormal returns appear at individual country level, as well as in both developed and emerging countries.
IV. Idiosyncratic Risk and Anomalies
In this section, we investigate if idiosyncratic risk can explain the existence of the abnormal returns we reported in last section. Identifying reasons that cause anomalies is an extensively studied area in current literature. Studies have suggested that limits of arbitrage, inadequacies of underlying asset-pricing models, missing risk factors, information uncertainty, investors' irrational behaviors, and data snooping could result in an anomaly.
In recent years, in contrast to risk-based explanations, behavioral finance commonly interprets anomalies as evidence of mispricing and market inefficiency. In behavioral finance research, researchers typically examine investment choices of rational and irrational investors. Because of high costs (i.e. limits of arbitrage), rational investors do not fully offset the choices of irrational investors, so mispricing remains. 12 We hypothesize that abnormal returns associated with these anomalies will be greater among high idiosyncratic risk stocks and smaller among low idiosyncratic risk stocks if idiosyncratic risk does prevent arbitrageurs from offsetting choices of irrational investors.
A. Idiosyncratic risk
Idiosyncratic risk is measured as the standard deviation of unexpected return innovations. It is usually calculated as the standard deviation of regression residuals from a pricing model (Ang, et al. (2006 (Ang, et al. ( , 2009 . A majority of previous studies use the OLS model to calculate realized idiosyncratic volatility. However, Fu (2009) argues that past realized idiosyncratic volatility should not be an appropriate proxy for expected idiosyncratic risk, because the idiosyncratic volatility of a typical stock does not follow a random walk.
To capture the time-variation of expected idiosyncratic risk, Fu (2009) 
Monthly return process is described by the Fama-French four-factor model. Model residual ε it has a standard normal distribution with mean of zero and variance of , conditional on the information set at time
Variance is a function of the past p-period residual variances 2 it  and q-period return shocks, as specified by the second equation. At the beginning of each month during the holding period, we calculate each stock's conditional idiosyncratic volatility by estimating an EGARCH (1,1) model.
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Our sample contains 6,254,358 firm-month observations in 43 countries during our sample time period. Note: This table reports the means of conditional idiosyncratic risk for each country as well as for developed and emerging countries. Idovol is the one-month-ahead expected idiosyncratic volatility estimated with EGARCH (1,1) model. N is firm-month obser-vations. STDV is standard deviation. The total number of stocks in each country is also reported. Sample time period is from 1989 to 2009. 13. We examine different combinations of p and q. The results from EGARCH(1,1) is representative.
summarizes the average monthly conditional idiosyncratic risk for each country. We also report standard deviations, the number of firm-month observations, and the number of stocks for each country. Table 4 revealsa wide variation of idiosyncratic risk among countries. Countries with high idiosyncratic risk include Portugal (0.312), Indonesia (0.248), Canada (0.228), and South Korea (0.201). Countries with low idiosyncratic risk are Luxembourg (0.074), Spain (0.081), Denmark (0.083), Switzerland (0.085), and the United Kingdom (0.085). The average idiosyncratic risk for developed countries (0.130) is less than emerging countries (0.142). Miffre et al. (2013) report that idiosyncratic risk is inversely correlated to the number of stocks in portfolios. Their study suggests that the countries with more stocks provide a larger pool of stocks to diversify portfolios; therefore, a country with more stocks would exhibit lower idiosyncratic risk. We do not observe such a correlation in table 4. We believe the reason is that unlike Miffre et al. (2013) study using US data, our study is conducted internationally.There are many country-level factors that could impact idiosyncratic risk besides the influence of number of stocks.
B. Idiosyncratic risk and individual anomaly
To examine the relationship between abnormal returns and idiosyncratic risk, we sort stocks into quintiles based on independent rankings on idiosyncratic risk and each anomaly. We then form 5x5 portfolios using intersections of the five idiosyncratic risk quintiles and five quintiles for each anomaly. We present equal-weighted monthly returns of these 25 portfolios for both developed and emerging countries in table 5. Panels A-G present average monthly returns at different idiosyncraticrisk levels for AG, BM, IA, ME, MOM, NSI, and TA anomaly, respectively. In this table, I1 to I5 represent ranks of idiosyncratic risk from low to high. A1 to A5 stand for the ranks of anomaly. As before, we rank anomalies in such a way that A1 stands for the most undervalued stocks and A5 the most overvalued stocks. The difference between A1 and A5 (A1-A5) is the abnormal return at each idiosyncratic risk level. We report results for both developed and emerging countries. Table 5 shows a strong positive correlation between abnormal return and idiosyncratic risk. We find stocks with higher idiosyncratic riskalways have higher abnormal return than stocks with lower idiosyncratic risk except for MOM (especially in emerging countries). 14 14. Some studies suggest that MOM anomaly may not exist in other countries (for example, Fung, Leung, and Patterson, 1999 , among others). Note: Panels A to G present monthly returns of portfolios formed on intersections between idiosyncratic risk and equity anomalies including AG, BM, IA, MOM, NSI, Size, and TA. Idiovol is the estimated monthly expected idiosyncratic volatility from EGARCH(1,1). Newey-West t-statistics are reported in parenthesis. I1 to I5 represent the rank of idiosyncratic risk from low to high. A1 to A5 stand for the rank of anomaly. We rank anomalies in such a way that A1 stands for the most undervalued stocks (such as stocks with low AG, small size, etc.) and A5 the most overvalued stocks (such as stocks with high AG, big size, etc.). The difference between A1 and A5 (A1-A5) is the abnormal return for each idiosyncratic risk level. lowest idiosyncratic risk. This pattern is persistent in both developed and emerging countries.
We also find that abnormal returns for stocks with low idiosyncratic risk are usually either not significantly different from zero at 5% level (anomaly AG, IA, NSI, and TA), or the documented return pattern is not evident (anomaly MOM). On the other hand, most of the abnormal returns for stocks with high idiosyncratic risk are significant at 5% level. It is consistent with the limits of arbitrage theory, because risk-averse arbitrageurs are more likely to eliminate abnormal returns for stocks with low idiosyncratic risk at a lower cost, but they fail to do so for stocks with high idiosyncratic risk due to a higher cost.
C. Regression analysis
In this section, we perform regression analysis to further explore the mispricing explanation. We test three hypotheses based on the mispricing explanation: 1) idiosyncratic risk and abnormal return are positively correlated at portfolio level (zero-cost portfolio), 2) developed countries have lower abnormal returns, and 3) the same level of idiosyncratic risk has lower impact on abnormal return in developed countries compared to emerging countries. We use the risk-adjusted monthly abnormal return from the Fama-French model as the dependent variable. More specifically, we regress abnormal returns of zero-cost portfolios on size, value, and momentum factors. The intercept (i.e. α) is defined as the risk-adjusted monthly abnormal return. Idiosyncratic risk and a number of country-level characteristics are used as independent variables. Since abnormal returns are computed as the monthly α's of zero-cost portfolios (longing most undervalued stocks and shorting most overvalued stocks), we define idiosyncratic risk of a zero-cost portfolio as the value-weighted average of the idiosyncratic risk of stocks with long-position minus the value-weighted average of the idiosyncratic risk of stocks with short-position in the zero-cost portfolio. We apply the following model to each anomaly:
where AR jt is the risk-adjusted abnormal return (α from the Fama-French mοdel) in country j and in month t. Idovol_P jt is the idiosyncratic risk of a zero-cost portfolio in country j and in month t.
Economy is a dummy variable (1 for developed countries and 0 for emerging countries). While F j is a vector of country characteristics that are constant over time, A jy and M jt are vectors of country characteristics that are updated annually and monthly, respectively. ε it is an error term. appendix A provides details on these country variables.
We use panel regression analysis with standard errors clustered by country and year (Petersen, 2009) There are several interesting observations in table 6. First, we observe a strong positive correlation between abnormal return and idiosyncratic risk for each anomaly using different models. The positive impact of idiosyncratic risk on abnormal return is consistent with findings from the previous section. It not only confirms that idiosyncratic risk is an important factor attributing to the existence of anomalies, but also shows that the effect is persistent across countries and over time. In addition, this positive correlation still remains significant after we control for various country characteristics.
Second, we find that the dummy variable Economy has a negative coefficient for BM, IA, MOM, NSI, SIZE, and TA, although only size is significant at 5% level in all models. Anomaly AG has positive but insignificant coefficient. We do not observe significant effects of country level characteristics on most anomalies (expect for MOM) either. Although the mispricing theory suggests country characteristics (such as governance quality, investor protection, and accounting standards) would have a negative impact on abnormal returns, our results do not provide strong evidence to support it. However, it is possible that the impact of country characteristics is already captured by other factors in our model, such as the idiosyncratic risk.
Finally, table 6 presents evidence that the same level of idiosyncratic risk produces lower abnormal return in developed countries. The coefficients of the interaction term Economy*Idovol_P jt are negative for all anomalies. These negative coefficients are significant at the 5% level for AG, IA, and size, and 10% for MOM. Developed countries in general have better governance and stronger investor protection that Note: Monthly risk-adjusted abnormal returns (α's from the Fama-French model) are regressed on portfolio idiosyncratic risk and country level explanatory variables. Idiovol_P is the portfolio idiosyncratic risk. We define portfolio idiosyncratic risk as the value-weighted average of the idiosyncratic risk of the stocks with long position minus the value-weighted average of the idiosyncratic risk of the stocks with short position. Standard errors are clustered by country and year (Petersen, 2009) . Economy is a dummy variable with value of 1 if a country is defined as developed economy,0 for emerging economy. Definitions of other variables can be found in appendix A. *, **, and *** represent significant levels at 10%, 5%, and 1%, respectively.
allow rational investors to drive away arbitrage opportunities at lower cost and take more aggressive positions to offset mispricing. Our results support this hypothesis. Overall, we find idiosyncratic risk is an important factor contributing to the existence of the studied anomalies. It has significant impacts on abnormal returns; its impact is different between developed and emerging countries. Our main results support the mispricing theory.
V. Conclution
In this study, we investigate a wide array of anomaly variables in capital markets around the world, including asset growth, book-to-market, investment-to-assets, momentum, net stock issues, size, and total accruals. We use zero-cost trading strategy, the Fama-French factor model, and the newly developed alternative investment-based three-factor model to show that these anomalies produce significant abnormal returns across countries, and there are significant variations among countries and between developed and emerging economies. We acknowledge that there is a large volume of equity anomaly studies in the literature. Our study only covers a small spectrum of it. For instance, we are not trying to identify if an anomaly is persistent over time nor how abnormal returns are influenced by other factors, such as transaction costs, etc.
We examine if these anomalies can be explained by idiosyncratic risk. Using a portfolio approach, we document a strong positive correlation between abnormal return and idiosyncratic risk. These results provide strong evidence to support the limits of arbitrage theory across countries. Using cross-country regression analysis, we also document a positive correlation between idiosyncratic risk and abnormal return after controlling for country characteristics. It suggests that existence of the anomalies is due to idiosyncratic risk. Moreover, the impact of idiosyncratic risk on abnormal return in developed countries is significantly weaker than the impact on abnormal return in emerging countries. Our results support the mispricing explanation of the existence of various anomalies around the world. Antiself dealing It focuses on a country's disclosure index quality, approval, and litigation governing self-dealing transactions (Djankov et al., 2008) 
